Background Intermediate outcome variables can often be used as auxiliary variables for the true outcome of interest in randomized clinical trials. For many cancers, time to recurrence is an informative marker in predicting a patient's overall survival outcome and could provide auxiliary information for the analysis of survival times.
Introduction
There is an extensive literature on the use of intermediate outcome variables as either surrogate endpoints [1] [2] [3] or as auxiliary variables [4, 5] for the true outcome of interest in randomized clinical trials. A surrogate endpoint is one that is intended to replace the true endpoint in evaluating the therapy. An auxiliary variable is one that is intended to be used to improve the efficiency of the analysis of the true endpoint.
For randomized clinical trials in colorectal cancer overall survival (OS) has traditionally been considered the definitive endpoint. An alternative endpoint is disease-free survival (DFS), defined as the time to the first event of either recurrence of the cancer or death, and is considered by some to be preferable [6] . It has been determined that DFS is a good surrogate endpoint for OS and is therefore considered an appropriate endpoint to use in clinical trials of colorectal cancer [7] . An alternative approach, which will be the focus of this article, is to consider recurrence as an auxiliary variable which can be used to enhance the efficiency of the analysis of the primary OS endpoint.
The data we consider are from 12 randomized trials of colorectal cancer. In such trials, patients are followed with cancer recurrences and deaths recorded as they occur. Recurrence is due to regrowth of the cancer, with the time to recurrence being when the cancer has grown to such a size or extent that it is detectable or causes symptoms. Deaths can occur either without prior recurrence or after a recurrence. The deaths that occur without prior recurrence are known not to be due to regrowth of the cancer, whereas deaths that occur after recurrence could be due to the cancer or to other causes. The exact cause of death for each person is either not known or known with certainty or known but not considered reliable. We do not consider cause of death. In this article, we will be developing models for time to recurrence and time to death. These models may be useful for understanding how these endpoints depend on covariates, including treatment, and for understanding the association between recurrence and death. They may also be useful for designing future trials, as they represent a way to simulate data and impose plausible magnitudes of treatment effects. However, we will primarily be utilizing these models to improve the efficiency of the analysis of the treatment effect on time to death.
In these data, there are two censored event times of interest. The first is time to recurrence, and the second time to death. An interesting feature of the recurrence outcome is that a proportion of the censored subjects may be cured and thus would have never experienced the event of interest even if they had been followed for longer. For other censored subjects, their event time would occur after their censoring time with longer follow-up and is therefore unobserved. For these types of data a cure model [8, 9, 10] would be applicable. For the death outcome, all subjects will eventually experience the event, and a cure model is, therefore, not likely to be appropriate.
Patients who are alive are right censored for death, which we will consider as a form of missing data. Relative to knowing the time of death, there is loss of information in a right censored observation. A patient's recurrence status prior to their censoring time is generally known, and those who experienced a recurrence are likely to die sooner than those who are recurrence free. Thus, a patient's recurrence status at the censoring time may be useful in recovering some of the lost information due to censoring. The strategy that we will use to recover some of this lost information is multiple imputation of death times based on regression models that include recurrence status as a time-dependent covariate. Multiple imputation is a popular general strategy for many missing data problems [11] and has been used to impute event times for censored observations in survival analysis [12, 13] . This strategy fills in missing values by drawing from the posterior predictive distribution of the missing data given the observed data. The procedure is then independently repeated M times to produce separate datasets. These completed datasets can then be analyzed separately to give M estimates and standard errors (SEs) for the quantity of interest. The results from each of these analyses are then combined following established rules [14] to give final conclusions.
We describe parametric models for recurrence and death that are used in the imputation strategy for the censored observations. For recurrence, a cure model is used and for death, a proportional hazards model with recurrence as a time-dependent covariate is employed. Each imputation is done in two steps. First, the cure model is used to model the time to cancer recurrence. This model is then used to construct the appropriate predictive distribution from which the missing values for recurrence times are drawn. Cure models assume that a proportion of subjects will never experience the event; thus, some censored subjects are imputed as cured for recurrence, while others are given a recurrence time after their observed censoring time. Using these imputed recurrence times a proportional hazard model is employed to model survival times with recurrence as a time-dependent covariate. Death times for censored subjects are then imputed from the appropriate predictive distribution derived from this model. Once these death times are imputed, the data is ready for subsequent analysis, specifically the analyses of interest in this article are ones that assess the treatment effect on death, without adjusting for recurrence.
In the following sections of this article, we describe the data and give details of the models and imputation strategy. We then present the results of fitting these models to the data. Finally, we illustrate the potential for this modeling approach to shorten the length of a clinical trial. Specifically, we artificially censor each trial two years after its final accrual and compare the results from the modeling and imputation strategy applied to these data with simple analysis of the artificially censored data and the original data.
Data description
The data consist of a total of 14,034 subjects from 12 randomized phase III adjuvant colorectal cancer clinical trials. Ten of the trials are included in the study of Sargent et al. [15] , with two additional new trials. For each trial, one arm was defined as the control arm and the other as the experimental arm. Each trial compared a different pair of treatments. Five of the trials (1, 2, 3, 6, and 7) compared surgery alone to surgery plus some form of chemotherapy. In the other seven trials, both arms contained surgery plus some form of chemotherapy and have been conducted in more recent years. Trial enrollment spanned from 1977 to 1999. One trial (7) included 210 patients with stage 1 cancer; these subjects were excluded from analysis. Due to differences in the long-term follow-up practices between trials, subjects in all trials except trial 1 were censored at 8 years following the time of the last subject accrual. Subjects in trial 1 were censored 4.3 years from the last subject accrual due to a large number of patients administratively censored at this time. These data are described in Table 1 . The median follow-up time for patients alive at their last follow-up was 8.2 years. Subjects were followed with information on recurrence status, time to recurrence, survival time, age at treatment, cancer stage, and treatment group recorded. The censoring time for recurrence and death were not necessarily the same. For patients who were alive and censored for recurrence, the average proportion of patients with different censoring times for these two events was 11.6% across all trials, with a maximum of 38.2% in trial 1 and a minimum of 0% in trial 3. Table 1 provides a summary of stage, age, and treatment distributions in each study as well as the number of recorded recurrences and deaths and longest follow-up time for each study. Recurrence rates for years 1 through 3 following randomization were 9.3%, 10.1%, and 5.2%, respectively. Kaplan-Meier plots of time to recurrence showed a clear leveling off with nearly all the recurrences happening before 5 years, which is characteristic of a cured group and for which a cure model is appropriate.
Model descriptions and parameter estimates
Model for recurrence Cancer recurrence is modeled using a lognormal cure model fit separately to each trial. This type of mixture model, containing two parts which can be separately interpreted, was first introduced by Berkson and Gage [16] . Cure models assume that a proportion of subjects will never experience the event, and are used to estimate and model the cured fraction in the population. For the uncured population, cure models provide information on the estimated time to event from the survival distribution. Let R 1 ,. . ., R n denote the times to recurrence for n subjects in a given study and 
. ., C n the corresponding potential censoring times. Then X i ¼ min(R i , C i ) and the event indicator for recurrence i ¼ I(R i C i ) are observed. For subjects who are censored for recurrence, some are administratively censored at the end of follow-up, while others are censored due to death from a noncancer cause. We assume the censoring is noninformative. The cure model specifies the marginal distribution as S(r)
, where 1 À p corresponds to the fraction of cured patients and F o (r) represents the distribution of recurrence times among those who are not cured. Both p and F o (r) can depend on covariates and the likelihood contribution for subject i is:
Assuming logistic and lognormal models:
where È is the standard normal cumulative distribution function (CDF), Z the covariates which include treatment group and cancer stage, and W the covariates including treatment group, cancer stage, and age. Age was excluded from the logistic component of the model due to its lack of association with the probability of cure in most trials. Table 2 provides cure model estimates from the 12 trials. These results were obtained using the R program, version 2.9.1, and the gfcure package from Peng et al. [17] . The results show a consistent and strong effect of stage on the probability of recurrence. The final column provides the estimated probability of cure for stage 3 patients in the control group. The five trials where the control arm was surgery alone (trials 1, 2, 3, 6, and 7) tend to have lower cure rates on the control arm than the trials where the control arm included chemotherapy, illustrating the benefit of adding chemotherapy. There is also some consistency of the effect of stage and age on the time to recurrence, with higher stage and younger people tending to recur earlier. The effect of age on recurrence is interesting in that it is not associated with whether someone is cured, but with when they recur, with the direction of association being the opposite of what is seen when considering time to death, for which older people die sooner. The effect of treatment varies from one trial to the next. This is to be expected as the treatments in each trial differ. The median time to recurrence for the recurred group, shown in the last column, is between 12 and 22 months, and tends to be longer for later trials.
This model was used to impute recurrence times for subjects alive and censored for recurrence. The imputation procedure is described in 'Multiple imputation of recurrence and death times' Section 4. These imputed values were then used as covariates in the models for the survival times. Twenty-five imputed datasets were created, with each dataset only differing in imputed recurrence times.
The appropriateness of using the lognormal cure model instead of other parametric cure models was assessed using log-likelihood and Akaike information criterion (AIC) values. The lognormal was preferred to Weibull and gamma cure models for 10 out of 12 and 8 out of 12 datasets, respectively.
Model for death
Survival time was modeled using a proportional hazards model with a Weibull baseline hazard function. Let T 1 ,. . ., T n denote the survival times for n subjects in a given study, and V 1 ,. . .V n the corresponding potential censoring times. Then, Y i ¼ min(T i , V i ) and the event indicator
where X are the covariates that include treatment group, cancer stage, and age and I(t ! R i ) is a timedependent binary indicator for recurrence. The Weibull baseline hazard was chosen because it was considered flexible enough to describe these data. This model was fit to the survival data to obtain parameter estimates. Twenty-five different parameter values were obtained (using the procedure described in 'Multiple imputation of recurrence and death times' section), one from each dataset with imputed recurrence values and then combined using the standard combining rules for multiple imputation to give the final parameter estimates presented in Table 3 . The results show a very strong effect of recurrence on the hazard of death in all trials. Most trials also show a strong association of both stage and age on the time to death, with higher stage and older people dying earlier. The treatment coefficients vary from one trial to the next and are mostly quite small in magnitude, likely because these estimates are adjusted for recurrence. Diagnostic checks were made to assess whether the proportional hazards assumption was appropriate for age, stage, and recurrence covariates. There was no evidence of substantial or consistent departures from the proportional hazards assumption across the 12 datasets for age and recurrence. For stage, there was evidence that the hazard ratio between stages 3 and 2 increased with longer follow-up time for some of the datasets. A test of non-proportional hazards was significant in 6 of the 12 trials. We investigated using a hazard model stratified by cancer stage and performing the imputation procedure based on this model, but this did not lead to any conclusions that were substantially different; thus, we present results for the simpler, unstratified model.
We note that the imputation of recurrence times was necessary to obtain the results presented in Table 3 only because a small fraction of subjects were censored for recurrence earlier than they were censored for death.
Multiple imputation of recurrence and death times
In this section, we describe the two-step strategy of multiple imputation using the models described above. The first step in the procedure of each imputation involves drawing new recurrence times using the cure models for subjects who were censored for recurrence. Given this new dataset, the second step consists of drawing new death times from the Weibull proportional hazards model for those censored for death. This procedure is independently repeated M times to obtain multiple imputed datasets for subsequent analysis.
Imputation of recurrence times
Imputed recurrence times were drawn from residual time distributions P(R > c i þ a|R > c i , ), where c i is the censoring time for recurrence and the parametres given in Table 2 . Specifically, imputation was performed as follows: first, a random number, U i $ U(0, 1), was generated for each subject without recurrence. From the cure model, the conditional distribution of the time to recurrence for censored subject i is given by:
where a i is the imputed time to recurrence after c i . Setting this residual time distribution equal to U i and solving for a i , we obtain:
For these subjects, the quantity 1 À U i ½1Àp i þp i S o ðc i ÞÀð1Àp i Þ p i was taken to be 1. The end result was a new pair of variables, ðx Ã i , Ã i Þ for each subject who was originally censored for recurrence. For subjects who were not cured, Ã i ¼ 1, and x Ã i was equal to the imputed recurrence time (c i þ a i ). Imputed subjects who were considered cured were given Ã i ¼ 0 and x Ã i was set to 50,000 years, an arbitrary number larger than any human life span. In order to avoid extrapolation of recurrence times outside of the range of the observed data, imputed recurrence times that were greater than the longest follow-up time for a given trial were relabeled as censored ( Ã i ¼ 0) at the largest follow-up time. To check the validity of the imputed recurrence times, Kaplan-Meier plots using the new imputed recurrence times were compared those from the original data. The two plots were very similar, suggesting that no distortion was being introduced by the imputation. These new imputed recurrence times, together with the observed recurrence times were then used in the procedure for the imputation of death times for those who were alive at their last follow-up.
Imputation of death times
We impute death times from the residual survival distribution P(T < i þ u|T > i , r i , ), where v i is the recurrence time and the parameters given in Table 3 . To achieve this imputation of death times, we first generated U i $ U(0, 1); then, this value was set equal to the residual survival function for each censored subject. Specifically,
The specific details of solving for b i are as follows. For subjects who had a recurrence at time r i before their time of censoring for death, v i , the following equation was solved:
For subjects who were cured or had imputed recurrence times after their original censoring time for death, the following equation was first solved.
If the imputed death time was still less than the recurrence time (r i ), it was kept as the new death time. If the imputed death time was greater than the recurrence time, then b i from Equation (4) was replaced by the solution to:
To avoid extrapolation beyond the range of observable data, imputed death times were then censored at the minimum of the longest follow-up time for a trial and 10 years.
Application of the model for efficiency gains
One potential use of this modeling approach is to shorten the length of a clinical trial while still keeping the primary endpoint of OS. To illustrate this, we artificially censored each of the 12 trials 2 years after the last patient accrual and performed the multiple imputation procedure described above to obtain new recurrence and death times for censored subjects. Censoring at 2 years resulted in an overall 20.7% reduction in the number of recurrences across all trials compared to the original data, with a maximum of 26.9% in trial 11 and a minimum of 4.8% in trial 3. The overall reduction in the number of deaths after 2-year censoring was 48.8%, with a maximum of 58.0% in trial 11 and a minimum of 30.2% in trial 1. With death as the endpoint of interest, these new data were then analyzed and compared to analyses of the original data to assess efficiency gains. The questions of interest here are (1) if the trial had stopped earlier, would the modeling and imputation strategy have lead to conclusions that were more accurate than simple analysis of survival from the available data and (2) would the conclusions have been compatible with the final results obtained from the full data. The imputation strategy was performed 25 times on the artificially 2-year censored data. Each of these 25 imputed datasets were then analyzed using a log-rank test for treatment effect and also a Cox proportional hazards model, 0 ðtÞexpðX 0 i !Þ, where X includes treatment, stage, and age as covariates but excludes recurrence as a covariate. The results from these analyses were then combined using the established rules for multiple imputation and compared to analyses performed on the original data. The rules established by Rubin [14] were used in combining parameter values and SEs. Log-rank test chi-squared statistics were combined using the methods of Li et al. [18] . Table 4 provides treatment estimates and SEs from the Cox proportional hazards models for the original data and the 2-year censored data without and with imputation. The point estimates of the treatment effect from the imputed data tend to be in between those of the original data and the 2-year censored data. The SEs from the imputed data are smaller than from the 2-year censored data and in some cases are quite similar to those obtained from the original data. Table 4 also presents the results of the log-rank tests for treatment effect from the original, 2-year censored, and imputed 2-year censored data. The results obtained from the imputed 2-year censored data are closer to the original results than the 2-year censored data without imputation, indicating that some information that was lost through censoring the trials early was correctly recovered through imputation. Assessing the crude agreement of the results for the endpoints (based on p-values < or ! 0.05) [19] , the conclusions for the imputed datasets agreed with those of the original data for 10 of the 12 trials. In the censored datasets with no imputation, 9 of the 12 trials reached the same conclusion as the original data. This provides good support for the potential of this approach to allow shorter-length clinical trials while preserving OS as the primary endpoint.
Simulation study
One natural concern with the modeling and imputation approach is whether it preserves type I error under a null hypothesis of no treatment effect. Multiple imputation has a Bayesian justification and thus is not primarily concerned with frequentist properties such as the size of tests and coverage rates of confidence intervals. However, in numerous simulation studies, frequentist properties following multiple imputation have been excellent when appropriate models have been used. To address the statistical properties of the methodology described in this article, we undertook a small simulation study. Recurrence times and death times were simulated from the models described in 'Imputation of recurrence times' section and 'Imputation of death times' section to give us 'original data'. These times were then censored at 2 years after the last accrual date to give us '2-year censored data.' We then used the modeling and imputation strategy to impute recurrence and death times for the '2-year censored data' to give us the 'imputed data.' For each of the three datasets, we assessed the treatment effect on time to death. We considered the hypothesis test of no treatment effect using the log-rank test and estimates and SEs of the relative hazard from a Cox model, 0 ðtÞexpðX 0 i !Þ. We designed the trials to have 150 subjects in each arm accrued over a 900-day period with follow-up extending to 5 years after the end of the accrual period. One trial was designed with 300 subjects per arm for comparison. We created 1000 such trials. Recurrence times were generated from Equations (1) and (2), with the only covariate being the treatment group. Death times were generated from Equation (3) with the only covariates being treatment group and time-dependent recurrence. Under the null hypothesis ( 1 ¼ 1 ¼ g 1 ¼ 0), we varied the other parameters ( 0 , 0 , , r, , and ) in four different scenarios. The results in Table 5 provide the size of the log-rank test, the average of the estimated treatment effect,! 1 , from the Cox model, the empirical standard deviation (SD) of! 1 , and the average of SE (! 1 ). The results demonstrate, for the situations considered, that the imputation strategy does preserve type I error and does not introduce bias into the estimate of ! 1 and that the SEs of! 1 appear valid and there is some gain in efficiency in analyzing the 'imputed data' compared to the '2-year censored data.' 
Discussion
The modeling described in this article is used to assess whether recurrence is an auxiliary variable that can be used to improve the efficiency of the analysis while keeping OS as the endpoint. The results show modest, but consistent and clear gains in efficiency, as measured by smaller SEs, due to the use of the recurrence information. We believe this could be useful, either for shortening the planned length of the trial or aiding data safety and monitoring boards, at the time of interim analyses, in deciding whether to end a trial by predicting the efficiency gain likely to be achieved by extending trial follow-up.
The multiple imputation approaches we use serve two purposes. The imputation of recurrence times is necessary so that recurrence can be easily included as a time-dependent variable in the hazard model for death for those whose censoring times for recurrence and death differ. The imputation of death times is used explicitly to gain efficiency in the marginal analysis of time to death. We note that the quantity of interest in this marginal analysis does not correspond to any of the parameters in the cure and Weibull models that were used for imputation. Thus, this is an example where the desired analysis model differs from the imputation model.
Adaptations of the modeling and estimation approach we have taken are possible. For example, we have modeled data from 12 trials separately without any attempt to use models to link the results. A natural way to extend the models we have used would be to make them hierarchical with a set of random effects for each trial. Recent papers provide methodology for doing this [20, 21] . We have used fully parametric models in this article. While there are certainly semi-parametric alternatives for the cure and Weibull models we have used, we thought it preferable to be imputing recurrence and death times from continuous rather than from discrete distributions. We performed the parameter estimation separately for the cure and Weibull models, using readily available software. We note that it would be possible to simultaneously estimate all the parameters using multi-state models with a latent variable to represent the cured group. However, as far as we are aware, software to do this is not available.
We do make the potentially strong assumption of non-informative censoring of the recurrence times, specifically, that those who are censored due to death from another cause would have been no more likely to recur if they had not died than those who were administratively censored given their follow-up and covariate values. We cannot check this assumption, but in the context of colorectal cancers, we have no reason to believe it is not approximately valid.
We have used a number of different modeling and imputation strategies to aid in the analysis of Notes: Other parameter values used for generating data from equations 1, 2 and -3: 0 ¼ À 0.4, 1 ¼ 0, 1 ¼ 0, ¼ 1, ¼ 3, and g 1 ¼ 0.
data from randomized clinical trials. In the modeling, we consider recurrence and death separately because they are distinct events which may be impacted by covariates in different ways. The parameter estimates we provide for the models could also be useful for those designing future clinical trials, as they provide a way to simulate realistic data while hypothesizing different magnitudes of a treatment effect. The cure model for recurrence has two components, one for determining if a subject was cured and one for determining when the recurrence happens given a subject is not cured. Consideration of these distinct components may also be useful for designing studies depending on whether the treatment under consideration is thought to be curative or delayed recurrence. We believe that separate models for recurrence and death, with a cured component in the model for recurrence, are natural in this setting and could be useful for other cancers, such as head and neck and breast cancer, for which a cured fraction is known to exist. In addition to having the potential for more informative interpretations of the data, such models can also be useful both at the design and the analysis stages for improving efficiency.
